In response to the problem of the unfair distribution of berths and quay cranes, as well as the optimization of the traffic path in port scheduling, a berth-crane joint scheduling model is proposed. Firstly, a ship is coded according to its geographical location and its arrival time in the form 0, 1. Then, the shortest port time, the minimum system cost, and the minimum unfairness are taken into account with the status quo of the port. Thus, a multi-objective joint scheduling model is established and solved by an improved NSGA-II algorithm. Finally, a practical example is given to verify the validity of the proposed method, the stable and the convergent of the proposed method are proved by many times computer simulations. The novelty of this paper is that we have taken psychological factors of fairness as well as social factors of sustainable development into consideration, and proposed an improved NSGA-II algorithm with random repair operator and self-adaptive operator to solve the multi-objective decision problem on joint scheduling of berths and quay crane.
Introduction
With the acceleration of economic globalization, the marine transport industry is growing rapidly. In the current doldrums of the international shipping market, the prices for ship repairs are not picking up, so the ship repair business should consider how to reduce costs and to improve corporate profits. Due to the limited resources of berths in a harbor, it is the key to maximizing the efficiency of the allocation of resources and efficiently allocating resources when undertaking multiple ships. The optimal allocation of port resources is an important guarantee for the sustainable development of marine transportation industry, involves the optimal operation of berths, and the rational allocation of quay cranes.
The optimization of ship berth scheduling is of much significance and practical value to improving the efficiency of a shipyard. At present, the theoretical research on the optimal dispatching of berths at a shipyard has become a hot spot. Many scholars have studied the port-scheduling problem from the sustainable perspective. Kang et al. [1] constructed environmental technology, by the following three aspects ( Figure 1 ): (l) Terminal berth scheduling optimization model and algorithm research. Golias et al. [19] established a two-objective optimization mathematical model to minimize the average time and range of a ship's total service and proposed a heuristic algorithm to solve the problem of robust berth scheduling. To solve the problem of berth and yard allocation, Robenek et al. [20] proposed an exact algorithm that was based on the branch and price framework to solve the integration problem, and used the mixed integer programming method; (2) Study of the theory and method of berth disturbance recovery. Xu et al. [21] studied the location and time costs of berth deviations based on the theory of interference management and established the interference management model. The multi-objective genetic algorithm was used to solve the model and to obtain a more efficient berth allocation plan; (3) Simulations of terminal berth dispatching systems. Taking into account the randomness of the discharge/loading operations, Legato et al. [22] constructed a strategy-based mathematical programming model and an operational-level simulation model using an event-based Monte Carlo simulator to study the Berth Allocation Decision Problem (BAP). To minimize ship loading and unloading times, Al-Dhaheri et al. [23] considered the transit times between the terminals and the yards during the entire container loading and unloading process, then proposed a stochastic mixed integer programming model for the Quay Cranes Scheduling Problem (QCSP), and established a container scheduling simulation model that was based on a genetic algorithm to reveal the dynamics and uncertainty. In general, research on scheduling optimization models and algorithms is the basis of the study of the problem of berth scheduling, which has stimulated the interest of many scholars.
The remainder of this paper is organized as follows. Section 2 is the review of the literature about berth scheduling. Section 3 describes the problem and offers several hypotheses. Section 4 explains the berth and the quay crane joint dispatching model. Section 5 demonstrates a numerical example and compares the results of different algorithms. Finally, Section 6 presents the conclusions.
process, then proposed a stochastic mixed integer programming model for the Quay Cranes Scheduling Problem (QCSP), and established a container scheduling simulation model that was based on a genetic algorithm to reveal the dynamics and uncertainty. In general, research on scheduling optimization models and algorithms is the basis of the study of the problem of berth scheduling, which has stimulated the interest of many scholars. 
Literature Review
A growing consensus recognizes the need to shift society products and services towards more sustainable models [24] [25] [26] [27] . In recent years, green ports have become the mainstream of sustainable development of the global ports. The competition among container terminals becomes more and more fierce, and almost all of the container terminals bear the pressure to attract more customers. How to rationally scheduling port resources to improve the service level of container terminals and improve customer satisfaction has aroused wide attention of scholars at home and abroad. This review of the literature about port scheduling covers the scheduling models first, and then the optimization algorithms.
To maximize the berth throughput and reliability of berth scheduling, Robenek et al. [20] proposed a mixed integer programming model based on branch and price framework to solve the two key optimization problems of berth distribution and distribution of cargo ports in bulk cargo ports. Xu et al. [28] proposed an expression for solving the berth scheduling problem by introducing a delayed buffer concept to simulate the ship's delay and the uncertainty of the processing time. However, this expression is assumed under the continuous berth space hypothesis, but not for discrete berths. When considering the uncertainties of ship arrival and running times, Zhen et al. [29] explored the uncertainty in the port scheduling problem and constructed a two-stage decision model. Then, he conducted some computational analysis of the performance of the berth allocation process in an uncertain environment. The author used the rescheduling strategy to deal with the initial plan, but the reality of the environment did not match because the proposed model was too complex. Monaco et al. [30] transformed the discrete berth problem into a dynamic scheduling problem and obtained the best scheme by using an improved Lagrangian heuristic algorithm. Lee et al. [31] formally described the discrete berth and the quay crane scheduling problem by mixing the integer programming model. To solve the berth allocation problem of a multi-user container terminal, Imai et al. [32] introduced the Lagrangian slack variable when solving the minimum waiting time of a ship and turned the static berth scheduling problem into a dynamic berth scheduling problem. Han et al. [33] used the probability density function to represent the uncertainty of the arrival and the processing time of a ship. This method does not require the probability distribution of the arrival and processing times of a ship, but it does not comprehensively consider the optimization objectives, while only a few people take the impact of unfair psychological factors into account.
Regarding optimization algorithms, Kim et al. [34] proposed a simulated annealing method for solving the problem of additional costs incurred when a ship is at an inappropriate location and resolved the problem of port fines that were incurred when detained ships depart later than scheduled. Hsu [35] when combined with improved particle swarm optimization and event based heuristic algorithm, a hybrid particle swarm optimization (HPSO) algorithm is proposed to solve the problem of discrete and dynamic berth and wharf crane distribution. To solve the problem of berth allocation, Oliveira et al. [36] proposed a hybrid clustering search method that was based on a simulated annealing algorithm to improve the terminal space distribution logistics by reducing the total service time of each ship. To solve the problem of discrete and dynamic berth allocation, more specifically, to allocate the discrete berth positions of ships while minimizing both the total waiting and processing times of all ships, Ting et al. [37] proposed a particle swarm optimization solution that effectively improves the efficiency of the solution and reduces the computational time. To make berths more flexible, Imai et al. [38] proposed a dynamic scheduling problem of jagged berths, studied the problem of berth scheduling with realistic constraints, and introduced a heuristic algorithm to solve the problem of continuous berth allocation. Finally, a large number of experiments have shown this heuristic algorithm to be superior and proven the feasibility of using a genetic algorithm to solve berth scheduling in a dynamic environment. Umang et al. [39] used precise and heuristic algorithms for berth allocation in discrete ports. Lee et al. [31] proposed an improved genetic algorithm in order to obtain an approximate optimal solution.
The problem of port scheduling is already complex and uncertain, and there has been little research on unfair psychological factors, proposed models are very different from how ports actually work. Therefore, based on the actual work processes of ports, this paper constructs a multi-objective mathematical model with five objective functions, and proposes a port berth-shore bridge joint dispatching method to deal with the problem of berth scheduling and the rational distribution of berths. Then, the model is solved by using a fast and unpredictable improved genetic algorithm (NSGA-II), which was based on Pareto optimality.
Problem Description and Assumptions
The joint scheduling of berths and shore bridges can be described as follows. Assume that A is a collection of ships at a port, M is the port berth collection, a is the ship number, and i is the berth number, where a ∈ A, a = 1, 2, . . . , k and i ∈ M, i = 1, 2, . . . , m. A ship arrives at a port, then moves to the best working berth (each vessel has one or more best working berths to enable the system to achieve a multi-objective Pareto optimality), discharges, and finally leaves the port. If there is no free berth when the ship arrives, then there will be a certain waiting time. After the ship has been unloaded, there must be a certain staying time for the loading of goods. For loading or unloading a ship, there needs to be a reasonable distribution of shore bridges, because it is necessary to have the equitable allocation and the highest utilization of shore bridge resources [32, 33] .
The main content of this paper is about the joint optimization of the berth-shore bridges of a port. The diagram of the joint operation of berths-store bridges is shown in Figure 2 . Suppose that Berths 1, 2, 3, and 4 are available to Ship 3, which enters the port as Ship 2 is loading/unloading in Berth 1. Ship 3 has two options, one of which is to enter Berth 1 for loading/unloading after Ship 2 has left, while the other option is to find the best available working berth. experiments have shown this heuristic algorithm to be superior and proven the feasibility of using a genetic algorithm to solve berth scheduling in a dynamic environment. Umang et al. [39] used precise and heuristic algorithms for berth allocation in discrete ports. Lee et al. [31] proposed an improved genetic algorithm in order to obtain an approximate optimal solution. The problem of port scheduling is already complex and uncertain, and there has been little research on unfair psychological factors, proposed models are very different from how ports actually work. Therefore, based on the actual work processes of ports, this paper constructs a multi-objective mathematical model with five objective functions, and proposes a port berth-shore bridge joint dispatching method to deal with the problem of berth scheduling and the rational distribution of berths. Then, the model is solved by using a fast and unpredictable improved genetic algorithm (NSGA-II), which was based on Pareto optimality.
The joint scheduling of berths and shore bridges can be described as follows. Assume that A is a collection of ships at a port, M is the port berth collection, a is the ship number, and i is the berth number, where
A ship arrives at a port, then moves to the best working berth (each vessel has one or more best working berths to enable the system to achieve a multi-objective Pareto optimality), discharges, and finally leaves the port. If there is no free berth when the ship arrives, then there will be a certain waiting time. After the ship has been unloaded, there must be a certain staying time for the loading of goods. For loading or unloading a ship, there needs to be a reasonable distribution of shore bridges, because it is necessary to have the equitable allocation and the highest utilization of shore bridge resources [32, 33] . The main content of this paper is about the joint optimization of the berth-shore bridges of a port. The diagram of the joint operation of berths-store bridges is shown in Figure 2 . Suppose that Berths 1, 2, 3, and 4 are available to Ship 3, which enters the port as Ship 2 is loading/unloading in Berth 1. Ship 3 has two options, one of which is to enter Berth 1 for loading/unloading after Ship 2 has left, while the other option is to find the best available working berth. As shown in Figure 3 , the time during which a ship is parked at the port is mainly composed of waiting for a particular berth to become available (waiting time), moving to the best working berth (moving time), and time for loading/unloading of the ship. As shown in Figure 3 , the time during which a ship is parked at the port is mainly composed of waiting for a particular berth to become available (waiting time), moving to the best working berth (moving time), and time for loading/unloading of the ship. As shown in Figure 3 , the time during which a ship is parked at the port is mainly composed of waiting for a particular berth to become available (waiting time), moving to the best working berth (moving time), and time for loading/unloading of the ship. Since the distances among the berths are short, the shift and waiting times can be ignored. It is:
(1)
t 0 is the actual time in port for ship a, t 1 is the waiting time, t 2 is the remaining unloading time of the previous vessel before ship a, t 2 is the unloading time, t 3 is the stay time mainly for loading, and t 4 is the total loading and unloading time of the system. Formula (1) represents the required time for ship a to wait for the loading/unloading of the previous ship (remaining unloading and stay time). Formulas (2) and (3) are the unloading times of the ship. Formula (4) represents the required time to load and unload cargo (unloading and stay time) of ship a. Formula (5) is the actual formula for the calculation of ship a in port.
The problem of berth allocation that is discussed in this chapter is based on the following assumptions: (1) Each ship has an ideal berth for unloading and loading; (2) Each berth formulate a minimum and maximum number of distributable shore bridges; (3) Due to the short distances among berths, the moving time is negligible compared to the waiting time; (4) The subsequent migration distance of the ship can be obtained directly (the distances among the berths is approximated instead); (5) The costs of use and labor service of the same berth's shore bridge are the same, but those for different berths are not necessarily the same; (6) The water depth of each berth can meet the requirements of any ship's docking; (7) Each berth serves only one ship at a time; and, (8) The stay time of each ship is the same.
Construction of Joint Scheduling Model of the Port and Quay Cranes
According to the actual production characteristics of shipyard terminals, this paper creatively considers the influencing factors of customer unfairness and establishes a multi-objective mathematical model with the objective of shortest time in port, minimum system cost, and minimum unfairness. The parameters and meanings that are associated with the model are shown in Table 1 . The ath ship's arrivals time L a
The length of ath ship (m) l a
The migration distance of ath ship c 1 The cost coefficient of ship migration (yuan/m) c 2 Berth labor service cost coefficient (yuan/one) c 3 Cost coefficient of each berth bridge used (yuan/one) Q i
Service cost of the ith berth (yuan/day) u ai Decision variables: if the ship at berth i, the value is 1, or 0 v αβ Decision variables: only when berth α and berth β are selected at the same time, the value is 1; otherwise, 0. α, β Indicates any two berths p i
The cost of the ith berth bridge (yuan/one) r i
The number of shore bridges required by each ship at the ith berth (one) L Total length of port (m) n i
The total number of berths allocated by the ith berth (one) w i
The total amount of ship loading and unloading at the ith berth (t) u
The maximum number of quarries allowed for each berth u
The minimum number of quarries to be allocated to each berth LB i
The length of the ith berth (m) v
The loading and unloading speed of shore bridge (t/min)
Model Building
(1) Minimum stay time in port: f 1 .
The optimized time in port for a ship is the difference between the departure and arrival times.
(2) Minimum system cost: f 2
The total cost, including shifting process cost (mainly related to the shifting distance), artificial services costs, such as berth maintenance and use of quay crane (including the manufacture, operation, and maintenance), of the system is incurred while a ship is in port.
(3) Minimum unfairness: f 3
According to the theory of justice in management, only when the ratio of pay and effort is equal to the proportion of the pay and effort of others will fairness be produced. Similarly, we believe that it is necessary to consider the ratio of the loading and unloading quantity and the number of the matched quay crane in the distribution, so as to minimize the sense of the unfairness of the customers. Therefore:
where α = 1, 2, . . . , m − 1; β = 2, 3, . . . , m. Based on the above analysis, a multi-objective optimization model is constructed, as follows:
Constraint conditions:
Formula (10) means that the arrival time of ship a is less than its departure time. Formula (11) means that the length of ship a is less than the length of the berth where it parks. Formula (12) means that the total length of the berth is less than the total length of the quay. Formula (13) signifies the quantity constraint of the quay bridge that is allocated by each berth. Formula (14) means that the number of quay cranes used by every ship on berth i cannot exceed the total number of cranes allocated to the berth.
Algorithm Flow and Steps for Problem-Solving
The algorithm flow of the improved NSGA-II algorithm is based on random repair and self-adaptive operators, as shown in Figure 4 .
The steps for the solution are as follows:
(1) According to the objective function and constraints, the initial population is generated randomly. The population size is set as P, then the individual ships are coded with the three-tier coding form as 0, 1. The first tier represents the berth. The corresponding code is 1 if the ship stays in the berth; otherwise, the code is 0. The second tier is the number of berths that is matched to the berth. The third is the service sequence, which indicates how many vessels are served at the berth. As shown in Figure 5 , the order indicates the first ship to be served by the third on Berth 1, on which Bridges 2, 3, and 5 are selected.
(2) Improvement strategy.
1 Random repair operator. To prevent the duplication of individuals in the genetic process, gene repair was performed on individuals that did not meet the principle of mutual exclusion in the population. 2 Self-adaptive operator
(3) According to Equation (9), calculate target fitness. (18)). To evaluate the fitness of the parent, the first filial generation is generated by genetic manipulation, such as selection, crossover, and mutation, while genetic repair is performed with the random repair operator.
where f 
The termination condition judgment. If the maximum evolution generation is reached, then the evolutionary is terminated. Otherwise, the evolution generation increases one.
(6) The parent and progeny populations are combined to form a new combined population with a scale of 2P. The fast, non-dominated sorting algorithm and the crowding comparison operator are used to evaluate all of the individuals in the merged population. The best individuals are chosen as the parent population of the iteration to achieve elite protection.
(7) Return to Step (3). (18)). To evaluate the fitness of the parent, the first filial generation is generated by genetic manipulation, such as selection, crossover, and mutation, while genetic repair is performed with the random repair operator. (5) The termination condition judgment. If the maximum evolution generation is reached, then the evolutionary is terminated. Otherwise, the evolution generation increases one.
(7) Return to Step (3). 
Case Study
In the container freight port in city Z of China, there are only four discrete berths and 15 quay cranes. The efficiency of the quay crane is 30 t/min, and the ship's stay time (mainly loading) is 30 min. The port is busy, the waiting times are long, there is an unreasonable number of quay cranes under different berths causing a serious waste of resources, and unfairness occurs regarding berth-shore bridges, causing customer and employee dissatisfaction. To better solve the above problems, the data recorded from the ship to the port in the day of the port (as shown in Tables 2-5) are simulated. By using the method that is given in this paper, the population size of the improved NSGA-II algorithm is set to 200 individuals and the maximum iteration number is set to 200 times, p mmin = 0.1, p mmax = 0.5, p cmin = 0.3, p cmax = 0.8. The simulation was run on Windows 2007 MATLAB 2016b software and compared to GA and standard (original) NSGA-II. The results are shown in Figures 6-10 . In GA and standard NSGA-II, the cross-probability is set to 0.8 and the mutation probability is set to 0.1. Using the improved NSGA-II and standard NSGA-II algorithms for the simulation, the shortest arrival time of the ship is obtained, as shown in Figures 6 and 7 . As the number of iterations increases, the shortest time converges to a constant minimum value in port time. Using the improved NSGA-II and standard NSGA-II algorithms for the simulation, the shortest arrival time of the ship is obtained, as shown in Figures 6 and 7 . As the number of iterations increases, the shortest time converges to a constant minimum value in port time. At the same time, in the GA algorithm, we let the fitness function f = f 1 + f 2 + f 3 . The result is shown in Figure 8 . At the same time, in the GA algorithm, we let the fitness function f = f1 + f2 + f3. The result is shown in Figure 8 . At the same time, in the GA algorithm, we let the fitness function f = f1 + f2 + f3. The result is shown in Figure 8 . At the same time, in the GA algorithm, we let the fitness function f = f1 + f2 + f3. The result is shown in Figure 8 . As can be seen from Figures 6-8 , the improved NSGA-II method, though declining in convergence rate, has been greatly improved in terms of optimization objectives. For example, for the shortest time in port, the proposed method converges at 2720 and the calculation result of the general (Original) NSGA-II is 3060. In order to illustrate the solution performance of our proposed method is stable, 20 times simulations on Windows 2007 MATLAB 2016b software were run. As far as the objective function f1 is concerned, the statistical data and results show that there are 17 times of the improved NSGA-II method converge to 2720 ± 20, and the other three times are in the range of 2720 ± 50, which proves that the solution performance of our method is stable.
As can be seen from the comparison of Figures 9-11 , the non-inferior solution set obtained by the proposed method is more likely to fall into the local optimum and the quality of the solution has also been greatly improved. When considering that the berths should be maximized and utilized, only the five groups of non-inferior solutions that were obtained by this method are listed below. The results of the joint allocation of berth-shore quays by GA are shown in Table 6 . Table 6 . Five sets of non-inferior solutions.
Ship
Parking Berth (Matching Number of Quayside)
From Tables 6 and 7 , we can see that the method proposed in this paper can make the berths more effective (this paper considers three berths but only two berths are obtained by GA), while considering the comprehensive optimization of each objective. The shore bridge distribution is more balanced and reasonable. As can be seen from Figures 6-8 , the improved NSGA-II method, though declining in convergence rate, has been greatly improved in terms of optimization objectives. For example, for the shortest time in port, the proposed method converges at 2720 and the calculation result of the general (Original) NSGA-II is 3060. In order to illustrate the solution performance of our proposed method is stable, 20 times simulations on Windows 2007 MATLAB 2016b software were run. As far as the objective function f 1 is concerned, the statistical data and results show that there are 17 times of the improved NSGA-II method converge to 2720 ± 20, and the other three times are in the range of 2720 ± 50, which proves that the solution performance of our method is stable.
Parking Berth (Matching Number of Quayside) From Tables 6 and 7 , we can see that the method proposed in this paper can make the berths more effective (this paper considers three berths but only two berths are obtained by GA), while considering the comprehensive optimization of each objective. The shore bridge distribution is more balanced and reasonable. 
Conclusions
To solve the problem of long waiting times for ships, the serious waste of resources that are caused by the unreasonable matching of the quayside and the unfair allocation of wharfs to berths, this paper discusses the joint scheduling problem of berthing and shore quays, and makes the following main contributions.
(1) A multi-objective mathematical model with the shortest time in port, minimum system total cost, and minimum inequity is constructed to provide a multi-objective optimization solution to the port problem.
(2) The introduction of random repair and adaptive operators to improve NSGA-II can effectively avoid falling into the local optimal and premature convergence problems, while improving the understanding of the search performance to ensure the diversity of the population.
(3) By comparing the results with the original NSGA-II and the GA algorithms with the actual example of a port terminal, the feasibility and effectiveness of the proposed method have been verified. This paper proposes a joint berth-shore quay scheduling model to solve the problem of matching dock berths and shore quaysides by adopting the improved NSGA-II with random repair and adaptive operators. A Pareto frontier was obtained. Five sets of representative Pareto non-inferior solutions were selected in order to provide decision-making support to shipyard managers.
